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ABSTRACT
We map mangrove extents in Pongara National Park, Gabon
using the Freeman-Durden Decomposition and InSAR Coher-
ence derived from ALOS-2 imagery. Specifically, we obtain
a land cover map derived from both this polarimetric decom-
position and a 14-day repeat-pass coherence. Our classifi-
cation model and results are highly interpretable based on
a depth 2 decision tree. We further illustrate the correlation
between InSAR coherence and height obtaining rough man-
grove height estimates from TanDEM-X data. From our re-
sults, we observe that repeat-pass interferometric coherence
provides invaluable information about mangrove extents and
coastal forests. The clear identification of mangrove extents
presents a significant opportunity for NISAR, which will pro-
vide 12-day repeat pass images over coastal areas globally.
Index Terms— Mangrove Extent; Mangrove Height;
NISAR; L-band SAR; Microwave Remote Sensing.
1. INTRODUCTION
Mangroves forests serve as a buffer for terrestrial life and pro-
vide a rich and diverse coastal habitat in tropical and subtrop-
ical zones [1]. Moreover, they offer a significant source of
global carbon storage [1]. As such, monitoring the extent and
health of mangrove forests is an important application area for
L-band SAR [1, 2], which is able to penetrate both the man-
grove canopy and the clouds that are omnipresent in tropical
and subtropical zones.
Global mangrove extents have been mapped at the 25 me-
ter scale with ALOS/PALSAR backscatter and Landsat in the
Global Mangrove Watch data products [1, 2]. Our aim is to in-
vestigate additional possible approaches utilizing polarimet-
ric and interferometric data that will be available in coastal
regions with NISAR [3] to produce such mangrove maps. We
are motivated in part by the numerous studies utilizing the
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Freeman-Durden decomposition to map mangrove forests re-
gionally such as in [4, 5]. The future NISAR misssion will
provide SAR images of dual-pol(HH and HV) or up to quad-
pol. The revisiting cycle is further shortened to 12 days en-
abling the monitoring of coastal regions using coherence also
in every 12 days. There have been numerous studies to relate
repeat-pass coherence to tree height as in [6, 7]. Indeed, In-
SAR coherence and polarimetric decompositions of tropical
forests are impacted by environmental factors such as rain,
wind, and flooding [8]. Thus, we cannot expect a model to be
trained using one interferometric pair at one particular site to
be valid for another pair at that site or elsewhere. However,
our results suggest that mangrove areas are so clearly differ-
entiated within such L-band imagery that we expect larger
studies can leverage an unsupervised approach regionally.
Using our mangrove extents, we estimate tree height from
HH coherence to further highlight the correlative relationship
between repeat pass InSAR coherence and canopy height. We
use TanDEM-X elevation above mean sea level as a proxy for
mangrove height as in [9]. Then, we train a linear model to
estimate tree height using sparse TanDEM-X data to obtain
our mangrove height estimates.
2. DATA AND METHODOLOGY
In this study, we obtain a land cover classification from
ALOS-2 polarimetric decomposition and InSAR coherence
data using a depth-2 decision tree [10]. We then estimate
mangrove height to emphasize the correlative relationship
between mangrove height and InSAR coherence.
Our classification model uses three ALOS-2 products:
the 14-day repeat pass HH coherence, and the volumetric
and double-bounce scattering components of the Freeman-
Durden decomposition. We obtained the HH coherence using
ISCE-2 [11] and the Freeman-Durden decomposition [12]
using PolSARPro [13]. We also used a Landsat-8 landcover
reference map generated by Thomas et al (unpublished) us-
ing a cloud free image of the park. Landsat-8 imagery was
segmented into image objects and classified using a random
forest algorithm within RSGISLib [14]. The land cover ref-
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Fig. 1: Top Row: histograms of pixels by class displaying (a) HH coherence, (b) volumetric scattering, and (c) double bounce
scattering. Bottom Row: maps of (d) HH coherence, (e) volumetric scattering, and (f) double bounce scattering.
erence map identifies mangroves (dwarf, short, and tall),
forest, water, bare ground, and urban areas. For our study we
only consider mangrove and forest classes assuming a crude
canopy cover map will be available globally. Before begin-
ning the classification, we performed an initial histogram
analysis of the ALOS-2 products shown in the top row of
Figure 1. We observed that the HH coherence is sensitive
to canopy height and should be able to differentiate between
(a) short/dwarf mangroves and (b) tall mangroves/forest.
Additionally, volume scattering is able to differentiate be-
tween (a) tall mangrove and (b) forest while double bounce
can differentiate between (a) dwarf mangroves and (b) short
mangroves.
Because the histogram analysis showed clear differentia-
tion between forest and mangrove classes, we use a decision
tree to automatically determine the thresholds for determining
such a classification [10]. We trained our decision tree using
500 random pixels from each mangrove and forest class. We
use the depth 2 tree so the model can be more easily explained
and analyzed. Our final map is generated using a majority fil-
ter to correct (a) forest pixels misclassified as mangroves due
to the shadow of the canopy seen in the volumetric scatter-
ing and (b) tall mangroves adjacent to the rivers which have
higher double bounce signal than those tall mangroves farther
inland.
To emphasize the relationship between coherence and
height we perform a crude height estimate of mangroves
from HH coherence. We observed a monotonically decreas-
ing relationship between coherence and mangrove height, the
latter being estimated from TanDEM-X as in [9]. We utilize a
standard unbiased linear model to retrieve mangrove heights
[15].
3. RESULTS
Using the model described in Section 2, we retrieve mangrove
and forest classes in Figure 2. Our model is described by the
rules shown in Figure 3. Our model determines these thresh-
olds automatically from the training data [15]. As we noted
earlier, the HH coherence is examined at the first node and
differentiates between short/dwarf mangroves (low canopy
height) and forest/tall mangroves (large canopy height). A
confusion matrix is shown in Table 1 and the accuracy metrics
by class are shown in Table 2. Using our approach, we are
able to differentiate between forest and mangroves with over
90% producer/user accuracy as illustrated in Table 2 indicat-
ing that our method will be valuable for mapping mangrove
extents. Indeed, short and dwarf mangroves have the lowest
per class accuracy because (a) coherence is less sensitive
at lower heights and (b) double bounce is more sensitive to
speckle noise than the other polarimetric components.
We estimate mangrove height using HH coherence to fur-
ther highlight the relationship between repeat-pass coherence
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(a) Reference (b) Retrieved
Fig. 2: Reference and retrieved land cover maps.
Fig. 3: Rules for the decision tree for our land cover classifier.
and height. We train our model again on just 500 points
randomly sampled from each class. The height estimate is
rough having 10 meter RMSE (86% normalized by the mean
height). However, we have an R2 of .39 of per pixel height
estimates with the TanDEM-X height product. In Figure 4,
we plot 3-meter binned TanDEM-X height compared with the
same height estimate. We see from the binned comparison
that the model saturates at approximately 20 meters.
4. CONCLUSIONS
Using the Freeman-Durden decomposition and InSAR co-
herence derived from ALOS-2, we classify mangrove and
forested areas using a decision tree. We validate our classi-
fication with a Landsat-8 derived landcover map. We show
that the boundary between mangrove and forested areas are
highly differentiated indicating such L-band products will
be invaluable for NISAR mangrove monitoring. The model
discussed here is easily interpreted and will serve as a ref-
erence for future classification models to map mangroves
from L-band imagery. In future work, we will explore more
sophisticated classification methodologies to automate this
classification process over numerous sites to further illustrate
NISAR mangrove mapping capabilities.
Fig. 4: Estimated height vs. TanDEM-X height using 3 me-
ter bins of TanDEM-X product. Black dashed line is y = x
and fill is one standard deviation of estimates within 3 meter
TanDEM-X bin.
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Tall Mangrove 4402 2343 6476 76008
Table 1: The confusion matrix using Landsat-8 classifcation reference.
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Table 2: Classification metrics for retrieved land cover.
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